
SCOUT: Semantic Concept Discovery for Open-Vocabulary Editing of Face
Recognition Templates

Leon Todorov1 Peter Rot1 Peter Peer2 Vitomir Štruc1 Klemen Grm1
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Abstract

Face recognition templates are compact identity repre-
sentations, yet they also encode rich semantic information
about facial appearance. Prior work has shown that tem-
plates can be inverted to images or indirectly manipulated
through image-editing pipelines, but direct semantic edit-
ing in template space remains largely unexplored. Exist-
ing interpretability methods for face recognition often rely
on manual neuron inspection or predefined attribute la-
bels, limiting scalability and semantic flexibility. To ad-
dress this gap, we propose SCOUT (Semantic Concept Dis-
covery for Open-VocabUlary Editing of Face Recognition
Templates), an end-to-end framework for discovering and
directly manipulating semantic concepts in face recogni-
tion templates using mechanistic interpretability. SCOUT
learns sparse template representations, generates seman-
tic hypotheses for latent features from natural-language de-
scriptions, and validates their stability. The resulting fea-
tures act as controllable semantic directions for direct edit-
ing, avoiding costly edit–re-encode pipelines. Experiments
with face recognition models using CNN, ViT, and Swin
backbones show that SCOUT discovers interpretable con-
cepts beyond standard attribute labels and enables control-
lable, identity-aware template manipulation with negligible
impact on identity matching. We further show that edited
templates can subsequently be decoded with independent
inversion models for visualization and evaluation.

1. Introduction
Face recognition (FR) systems represent identity through

compact vector representations (templates) that enable ef-
ficient matching and storage [20]. Although templates are
trained for discriminative identity inference, a growing
body of work shows they encode substantially richer facial
information than identity alone [41]. Modern template in-
version and embedding-conditioned synthesis can also re-
construct photorealistic faces from embeddings with high
identity fidelity [27, 28]. Beyond inversion, several stud-

Figure 1. SCOUT automatically discovers and validates semantic
interpretations of sparse neurons in the sparse autoencoder (SAE)
using face attributes defined by free-form text prompts or prede-
fined labels. Once stable neuron–attribute associations are identi-
fied through inversion-based verification, the corresponding sparse
features are used to directly manipulate semantic attributes in tem-
plate space for efficient template augmentation.

ies have explored the semantic organization of FR embed-
ding space. Direction-discovery methods [30] identify in-
terpretable axes corresponding to facial regions (e.g., eyes,
nose, lower face) or nuisance factors (pose, illumination,
expression), often visualizing linear traversals by decoding
embeddings back into pixel space. In parallel, language-
based approaches such as CLIP-SMU [25] aim to trans-
late template content into natural-language descriptions by
aligning templates with CLIP-derived text representations
over predefined attribute descriptions. These works estab-
lish that FR templates reside in an embedding space that
exhibits meaningful semantic structure and can be probed
through either generative inversion or semantic alignment.

Due to this semantic structure, the information content
in FR templates can easily be manipulated, and certain
characteristics independent of identity can be suppressed,
strengthened, altered, or even added directly in the em-
bedding space. This manipulation process, referred to as



template editing, is critical in many scenarios, including
privacy-preserving techniques that suppress sensitive at-
tributes, e.g., sex, age, or ethnicity [26, 34], robustness and
bias analysis through controlled perturbations of embed-
dings [22, 36], synthetic identity generation and augmenta-
tion from manipulated embeddings [39], and improved un-
derstanding of the encoding process of FR models.

However, existing methods for semantic manipulation
of templates remain largely indirect or task-specific. Most
fine-grained changes are still implemented by editing in
image space or a generative latent space and then re-
encoding [2,15] the edited image into the embedding space
of the corresponding FR model. While feasible and ef-
fective, such processes introduce computational overhead
and couple the manipulation operation to the failure modes
of the synthesis pipelines used. Template-only transfor-
mations, such as those used to suppress attributes (e.g.,
age or gender) in privacy-preservation methods, are typ-
ically limited to coarse facial attributes [8, 12, 34], while
general mechanisms for fine-grained, open-vocabulary se-
mantic editing directly in standard FR embeddings, without
image-level inversion, remain largely missing from the lit-
erature. Here, open-vocabulary refers to the ability to define
semantic edits through free-form natural-language descrip-
tions rather than a closed set of predefined (and often bi-
nary) attributes, enabling manipulation of concepts such as
“wearing a baseball hat” or “having blue eyes”, as illus-
trated in Figure 1.

Addressing this gap requires not only a template-space
editing operator, but also an automatic way to identify
which components of an embedding correspond to mean-
ingful, controllable semantics. Here, recent progress in
mechanistic interpretability provides a compelling direc-
tion. Mechanistic interpretability aims to explain a model
in terms of internal computational components and circuits,
identifying which features or mechanisms inside a repre-
sentation drive particular behaviors or outputs [7]. Sparse
autoencoders (SAEs) have emerged as an unsupervised tool
for decomposing dense neural representations into sparse,
more monosemantic features [11]. In this work, we build on
these advances and introduce a template-only system for se-
mantic manipulation of face-recognition embeddings under
open-vocabulary control. We propose SCOUT (Semantic
Concept Discovery for Open-Vocabulary Editing of Face
Recognition Templates), an end-to-end framework with
three main contributions:

• An automatic method for discovering interpretable se-
mantic features in learned sparse representations of
face recognition templates, guided by natural-language
descriptions (e.g., using CLIP).

• A direct template-space editing mechanism that uses
the discovered features as controls for fine-grained se-
mantic manipulation, without image-level editing or
re-encoding of the input face.

• A method for creating controlled variations of face
templates by modifying semantic attributes (e.g.,
adding a beard or changing the hairstyle), which can
subsequently be visualized through template inversion
methods such as Arc2Face.

2. Related work
2.1. Discovery of Interpretable Concepts

Early work on interpretable structure in learned embed-
dings relied on post-hoc methods such as Network Dissec-
tion [3] and TCAV [18], which typically require predefined
concepts and human supervision. More recent approaches
aim to automate concept discovery. MAIA [37] iteratively
generates and tests hypotheses about neuron behavior us-
ing vision-language models and interpretability tools, while
Prisma [16] supports large-scale mechanistic interpretabil-
ity through sparse autoencoders (SAEs). In parallel, SAE-
based methods such as MSAE [44] and Revelio [19], as
well as open-vocabulary sparse decompositions such as
SpLiCE [4], show that semantically meaningful structure
can be recovered in general vision representations. How-
ever, these methods target broad vision settings. Face recog-
nition is more structured: faces are typically aligned and
normalized, and recent work shows [22,30] that FR embed-
dings exhibit geometric organization with respect to inter-
pretable facial and image attributes. This suggests that se-
mantic factors in FR templates may be more stable and ana-
lyzable than in generic visual representations, although ex-
isting vision-oriented methods are not adapted to the struc-
tured geometry of face-recognition templates.

Only limited work has explored mechanistic inter-
pretability in biometrics. Prior studies have examined what
information is encoded in face templates [41], their geo-
metric relation to attributes [22], and, more recently, un-
supervised discovery of semantically coherent directions
for bias analysis [36]. FaceMINT [33], the work most
closely related to ours, enables sparse feature analysis and
feature-level interventions for face-recognition representa-
tions. However, semantic interpretation still relies largely
on manual inspection, for example, through top-activating
samples or human validation. Overall, biometrics still lacks
end-to-end pipelines for open-vocabulary semantic discov-
ery, sparse decomposition, validation, and direct manipu-
lation of biometric templates. A summary of existing ap-
proaches and their characteristics is presented in Table 1.

2.2. Semantic Manipulation of Face Templates
Existing approaches for the semantic manipulation

of face templates can be grouped into indirect edit–re-
encode pipelines, inversion-based manipulation, and direct
template-space transformations such as privacy-preserving
suppression, morphing, or semantic direction control.
Image Editing and Re-Encoding. Techniques from this



Table 1. Overview of methods for semantic concept discovery in
face recognition templates. ✓: supported, ✗: not supported, ∼:
partially supported or not the primary focus.

Works
Open-

vocabulary
Sparse

decomposition
Automatic
discovery

Validation /
intervention

Direct
editing

Net Dissection [3] ✗ ✗ ✗ ∼ ✗
TCAV [18] ✗ ✗ ✗ ∼ ✗
MAIA [37] ✓ ✗ ✓ ✓ ✗
Prisma [16] ✗ ✓ ∼ ∼ ✗
MSAE [44] ✗ ✓ ∼ ∼ ✗
Revelio [19] ✗ ✓ ∼ ∼ ✗
SpLiCE [4] ✓ ✓ ∼ ∼ ✓

Terhorst et al. [41] ✗ ✗ ✓ ✗ ✗
Leroy et al. [22] ✗ ✗ ✓ ✗ ✗
CLIP-SMU [25] ✓ ✗ ✓ ✗ ✗
DeepFace Decoder [30] ✗ ∼ ✗ ✓ ✗
FaceMINT [33] ✗ ✓ ✗ ✓ ∼

SCOUT (ours) ✓ ✓ ✓ ✓ ✓
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group perform semantic manipulation outside the FR tem-
plate space, either by directly editing the face image or by
modifying a latent representation of the image in a gener-
ative model. Image-level methods apply semantic transfor-
mations to the input face [2, 15] and then pass the edited
result through an FR model to obtain a modified template.
Latent-space methods, in contrast, first project the face im-
age into a generative latent space [32], apply semantic edits
in that space [40], and then decode and re-encode the edited
image. Together, these approaches form a standard edit–
re-encode pipeline. In many cases, identity preservation is
explicitly enforced using pretrained FR models such as Arc-
Face [2,29]. These methods offer rich semantic control, but
the manipulation remains indirect: edits are applied outside
the template space and only later reflected in the biometric
representation. As a result, they incur the cost of inversion,
editing, generation, and feature extraction, while strong ed-
its may also introduce identity drift.
Template Inversion with Guided Decoding. Another
line of work uses FR templates as inputs to generative
models that reconstruct face images. Methods such as
Arc2Face [28] and Face Adapter [38] show that high-
quality face images can be reconstructed from templates,
while CLIP-FTI [8] adds an auxiliary semantic signal, such
as a text prompt, to guide the reconstruction toward a de-
sired attribute. In this case, the template itself is not edited
directly. Instead, the semantic content is manipulated in-
directly by decoding the same template in a specific way,
using the additional guidance signal. Related work also
shows that such reconstructions can be used to inspect and
visualize semantic directions in template space [30]. These
methods show that FR templates contain rich semantic in-
formation that can be exposed through guided reconstruc-
tion. However, the semantic change is still produced by the
decoder, rather than by an explicit and controllable transfor-
mation of the template itself.
Direct Template Transformation. Several approaches
modify FR templates directly while preserving their com-
patibility with the original FR model. Such transforma-
tions are commonly used to change specific properties of

the template, for example by suppressing sensitive or soft-
biometric information. PFRNet [5], for example, learns
disentangled representations that remove selected attributes
while preserving identity, and follow-up methods such as
Multi-IVE [26] and ASPECD [34] extend this idea to mul-
tiple or categorical attributes. These methods show that FR
templates can be transformed without image reconstruction
or changes to the FR model. However, the transforma-
tions are typically designed for a predefined set of attributes,
rather than flexible, open-vocabulary semantic editing.
Synthetic Identity Generation. Recent work also manipu-
lates face embeddings to synthesize new identities: Hyper-
Face [39] formulates dataset creation as a packing problem
on the face-embedding hypersphere, while diffusion-based
ID-Booth [42] or ID-Sync [35] target identity-consistent
generation for data augmentation. These methods, how-
ever, focus on large-scale synthetic face generation rather
than flexible semantic control over existing templates.

3. Methodology
In this section, we present SCOUT, the proposed frame-

work for discovering and manipulating semantic concepts
directly in face recognition template space. The key idea
behind SCOUT is to first decompose dense FR templates
into sparse, interpretable features and then identify which
of these features correspond to user-defined semantic con-
cepts. Once such concept-linked features are found, they
can be used as direct controls for modifying the original
template representation, while inversion models provide
a way to visually inspect the resulting semantic changes
in image space. As illustrated in Figure 2, SCOUT pro-
ceeds in four stages: sparse decomposition of FR templates
with an SAE (Stage 1), concept discovery producing can-
didate concept–feature associations (Stage 2), inversion-
based visualization of these associations in image space
(Stage 3), and validation through feature-level interventions
that quantify both semantic change and identity preserva-
tion (Stage 4).

3.1. Sparse Autoencoder Training (Stage 1)

Given an aligned and cropped face image I , an FR
model produces a template x ∈ Rd. Using a BatchTopK
SAE [6], we map x to an overcomplete latent representation
z = f(x) ∈ RdSAE , where dSAE ≫ d sets the dictionary
size. During training, BatchTopK sparsification imposes a
global activation budget k over each minibatch, retaining
only the strongest latent activations and thereby controlling
the effective sparsity of z. The input is reconstructed as
x̂ = fdec(z), and the SAE is trained to minimize the re-
construction error between x̂ and x. At inference time, the
batchwise selection is replaced by a learned global activa-
tion threshold τ , enabling sample-wise encoding without
batch context. Once trained, the SAE represents each dense



Figure 2. High-level overview of SCOUT, the proposed framework for discovering and manipulating semantic concepts directly in face
recognition template space. The framework consists of four stages: (1) training a sparse autoencoder on face templates, (2) assigning latent
neurons to semantic concepts using labeled or open-vocabulary attributes, (3) reconstructing faces via template inversion, and (4) validating
the discovered concepts through neuron-level interventions, where individual sparse features are perturbed to measure their semantic effect.

FR template as a sparse set of feature activations. Each fea-
ture is paired with a learned vector in the original template
space, referred to as dictionary vector, which specifies how
that feature contributes to reconstructing the input template.
These template-space dictionary vectors provide the basic
units for concept discovery and template-level intervention
in the following stages.

3.2. Concept Discovery (Stage 2)

The goal of this stage is to assign semantic interpreta-
tions to the sparse features in z. For a queried concept c, we
construct positive and negative exemplar sets, rank sparse
features according to their selectivity for the concept, and
finally verify the resulting concept-feature associations us-
ing top-activating samples. The output is a set of semantic
hypotheses carried forward for downstream validation.
Concept Exemplar Set Construction. For a concept c, let
D+

c and D−
c denote images that exhibit and lack the con-

cept. These sets can be obtained in two ways: (1) in the
closed-vocabulary setting via a supervised attribute classi-
fier over a fixed taxonomy, and (2) in the open-vocabulary
setting via a vision-language model queried with natural-
language prompts. For open-vocabulary concepts, we query
the vision-language model with two disjoint prompt banks:
one used for Stage 2 discovery and feature validation, and
one reserved for measuring interventions in Stage 4. Thus,
prompts used to select a direction are not reused to evaluate
it. In both cases, each training image I receives a concept
confidence score used to select the top- and bottom-ranked
images as D+

c and D−
c .

Selectivity-Based Feature Ranking. Once the exemplar
sets are defined, we evaluate which features in z respond
selectively to concept c. Let zn(I) denote the n-th compo-
nent of z for image I . We compute the empirical activation
rates

r+n (c) =
1

|D+
c |

∑
I∈D+

c

1[zn(I) > τ ], (1)

r−n (c) =
1

|D−
c |

∑
I∈D−

c

1[zn(I) > τ ], (2)

and define the selectivity score as

Sn(c) = r+n (c)− r−n (c) ∈ [−1, 1]. (3)

Values near zero indicate weak discrimination between the
two sets. High values indicate that feature n is active pre-
dominantly on concept-positive samples, whereas negative
values indicate an association with concept absence. Fea-
tures are ranked by Sn(c), and the top candidates are re-
tained for subsequent validation and intervention. Using
activation rates rather than activation magnitudes captures
whether a feature is reliably present for a concept, consis-
tent with the sparse nature of the representation.
Concept Agreement. The selectivity score measures differ-
ential activation, but does not verify whether the assigned
concept label accurately describes what a feature encodes.
We therefore validate each candidate association by check-
ing whether the images that most strongly activate feature n
are also classified as concept-positive.

For each candidate feature n, let Tn denote the set of
highest-activating images collected over the full training
corpus. We define the concept agreement as

An(c) =
1

|Tn|
∑
I∈Tn

1

[
sdisc(I)c > 1

2

]
, (4)

where sdiscc (I) is the discovery confidence score used to
form the exemplar sets. In the open-vocabulary setting, it
is computed with the discovery prompt bank. High values
of An(c) indicate that the images most strongly driving fea-
ture n are consistently assigned to concept c, whereas mis-
matched high-activating samples act as distractors. A min-
imum concept-agreement threshold is then used to discard
weakly aligned features and obtain the final concept–feature
associations.

3.3. Concept Visualization via Inversion (Stage 3)

The concept–feature associations identified in Stage 2
define semantic hypotheses about individual sparse fea-
tures. Stage 3 uses inversion to inspect these hypotheses
in image space. Given an FR template x, the DeepFace



Table 2. FR encoders used in our experiments. The four models
span CNN and transformer backbones with distinct margin-based
losses and are trained on different large-scale datasets.

Model Loss Backbone Training set
ADA-iR50 AdaFace [20] iResNet-50 [13] MS1MV2 [9]
ARC-iR100 ArcFace [9] iResNet-100 [13] WebFace42M [45]
ADA-ViT AdaFace [20] ViT-Base [10] WebFace4M [45]
SWIN-T CosFace [43] Swin-Tiny [24] MS1MV2 [9]

Decoder (DFD) [21, 30] provides a lightweight regression-
based reconstruction, while Arc2Face [28] provides an
independently trained diffusion-based view in the ARC-
iR100 space. These decoders are auxiliary, i.e., they visual-
ize original or intervened templates but neither produce the
template-space intervention nor feed a reconstructed image
back through the FR encoder. Agreement across the two
therefore reduces the likelihood that an observed semantic
effect is decoder-specific.

3.4. Feature-level Intervention Analysis (Stage 4)

The final stage validates the semantic hypotheses from
Stage 2 by actively changing the template along individual
sparse feature vectors. We refer to such a controlled change
as a feature-level intervention. For a selected feature n, let
dn ∈ Rd denote its template-space dictionary vector. Us-
ing its ℓ2-normalized form d̃n = dn/∥dn∥, we define the
manipulated template as

x′(α) = (x+ α d̃n) / ∥x+ α d̃n∥, (5)

where α ∈ R controls the intervention strength. Normal-
izing dn makes α comparable across features, while re-
projecting keeps x′(α) on the unit hypersphere.

To inspect the effect of the intervention in image space,
we reconstruct I ′(α) from x′(α) using the inversion mod-
els from Stage 3. The interventions considered here are lo-
cal and asymmetric: positive traversal (α > 0) amplifies
the selected feature, whereas negative traversal (α < 0) is
not assumed to realize its semantic opposite. We quantify
the effect through two complementary metrics that capture
semantic control and identity preservation.
Attribute Gain (∆c). We quantify semantic amplification
with the evaluation confidence score sevalc , computed with
the reserved evaluation prompt bank,

∆c(α) = sevalc (I ′(α))− sevalc (I ′(0)). (6)

Higher positive values indicate stronger expression of the
queried concept, whereas values near zero or below indicate
little or no amplification.
Template Similarity (θc). We measure the displacement
between the manipulated and original templates using co-
sine similarity,

θc(α) = cos(x′(α), x). (7)

Table 3. SAE statistics on Glint360K (∼ 17M templates) for the
four SCOUT models, alongside FaceMINT [33] TopK SAE ref-
erence results. MSE = E[∥x − x̂∥2], alive% is the fraction of
features activated at least once, and | cos |dict is the mean pairwise
similarity between template-space dictionary vectors.
Method Backbone dSAE k MSE alive% cos(x, x̂) | cos |dict

SC
O

U
T

ADA-iR50 8192 32 0.0008 100.00 0.7743 0.0465

ADA-ViT 8192 32 0.0007 100.00 0.8099 0.0547

ARC-iR100 8192 32 0.0008 100.00 0.7694 0.0450

SWIN-T 8192 32 0.0006 100.00 0.8284 0.0579

Fa
ce

M
IN

T ADA-iR50 65536 400 0.0003 99.82 0.9998 0.0767

SWIN-T 65536 200 0.0000 88.15 1.0000 0.0365

This provides a descriptive measure of template displace-
ment. Fixed-FMR identity evaluation is performed sepa-
rately using FNMR at a frozen verification threshold.

4. Experiments
This section describes the experimental setting used to

evaluate SCOUT. We first introduce the datasets, FR back-
bones, and concept-scoring setup used throughout the study,
then summarize key implementation details and the evalua-
tion protocol.

4.1. Experimental Setup
Datasets. We use Glint360K [1] for Stage 1 SAE train-
ing and Stage 2 concept discovery, including selectivity
ranking and concept-agreement computation. For down-
stream inversion-based inspection and feature-level inter-
vention analysis, we use LFW [14]. For comparison against
image-space editing baselines, we use CelebA-HQ [17].
Face Recognition Templates. We evaluate SCOUT on four
representative FR encoders spanning CNN and transformer
backbones, distinct margin-based training objectives, and
different training data sources, as summarized in Table 2.
All models operate on aligned 112×112 face crops and pro-
duce ℓ2-normalized 512-d templates, enabling a controlled
assessment of whether the pipeline transfers across hetero-
geneous template geometries rather than being tied to a sin-
gle FR model.
Concept Scoring. We instantiate separate discovery and
evaluation scores with CLIP ViT-L/14 [31]. Stage 2 uses
three positive and three negative discovery prompts to ob-
tain sdiscc for exemplar construction and feature selection.
After the direction is fixed, Stage 4 uses disjoint pools of
five positive and five negative evaluation prompts, with no
overlap with the discovery prompts. We evaluate all 100
possible 3-vs.-3 subsets and report the mean and point-
wise ±1 standard deviation across the resulting population
curves. This protocol additionally evaluates robustness to
evaluation-prompt wording.

4.2. Implementation Details
Concept-Discovery Settings. In all concept-discovery ex-
periments, we use |D+

c | = |D−
c | = 1,024. Features are



A
D

A
-iR

50

α = 0.00 α = 0.20 α = 0.40

∆c: 0.000 ∆c: 0.274 ∆c: 0.585

θc: 1.000 θc: 0.980 θc: 0.925

A
R

C
-iR

10
0

α = 0.00 α = 0.20 α = 0.40

∆c: 0.000 ∆c: 0.290 ∆c: 0.576

θc: 1.000 θc: 0.980 θc: 0.928

A
D

A
-V

iT

∆c: 0.000 ∆c: 0.220 ∆c: 0.754

θc: 1.000 θc: 0.981 θc: 0.929
SW

IN
-T

∆c: 0.000 ∆c: 0.024 ∆c: 0.734

θc: 1.000 θc: 0.981 θc: 0.930

Model n Sn(c) An(c) ∆c(0.2) ∆c(0.4)
ADA-iR50 5971 0.719 99.9% 0.200 0.527
ARC-iR100 915 0.572 99.9% 0.197 0.495
ADA-ViT 4430 0.794 100.0% 0.107 0.487
SWIN-T 5713 0.593 92.3% 0.042 0.283

0.0 0.2 0.4
α

0.0

0.2

0.4

0.6

Δ c
(α
)

ADA-iR50
ADA-ViT
SWIN-T
ARC-iR100

Input image Figure 3. Full pipeline demonstration for c = bald across four FR backbones. Left: the same input template is
manipulated at α ∈ {0.00, 0.20, 0.40} and decoded with the corresponding DFD; ∆c is averaged across disjoint
evaluation-prompt subsets, while θc denotes template cosine similarity. Right: the table reports feature index n, Stage-
2 selectivity Sn(c), concept agreement An(c), and evaluation-prompt mean gains at α = 0.2, 0.4. Curves show the
mean over 100 LFW templates and all evaluation-prompt subsets; shading denotes the pointwise ±1 standard deviation
across evaluation-prompt subsets.

(a) SWIN-T: c = long red hair
n = 6823

Sn(c) = 0.593, An(c) = 0.841.

(b) ADA-ViT: c = singing
n = 623

Sn(c) = 0.514, An(c) = 0.899.

(c) ADA-iR50: c = forehead dot
n = 5005

Sn(c) = 0.502, An(c) = 0.825.

(d) ARC-iR100: c = animated faces
n = 4709

Sn(c) = 0.768, An(c) = 0.807.

Figure 4. Representative open-vocabulary features recovered by SCOUT across different FR backbones. Each block of images shows the
top 16 identity-deduplicated activating samples for one recovered feature together with its queried concept c, feature index n, selectivity
Sn(c), and concept agreement An(c). The reported statistics are computed on the full retrieved top-activating set. The semantic consistency
of these examples indicates that SCOUT can recover meaningful features beyond a small predefined face-attribute taxonomy.

Table 4. Fixed-FMR identity evaluation on LFW: FNMR (%) at a
threshold calibrated on clean impostor pairs to FMR= 10−2 and
frozen after manipulation. Perturbed statistics summarize the full
SAE-direction sweep.

Perturbed (α = 1)
Model Clean Mean p95 Worst
ADA-iR50 0.33 0.43 0.53 0.67
ADA-ViT 0.23 0.41 0.53 0.73
SWIN-T 0.20 0.41 0.50 0.67
ARC-iR100 0.27 0.42 0.50 0.63

ranked by Sn(c), the top 10 are retained, and concept
agreement is computed on the top |Tn| = 10,000 identity-
deduplicated activating samples. We keep only the features
satisfying An(c) ≥ 80% as final candidates.

For SCOUT, we use dSAE=8,192 and mean sparsity
k=32. To prevent feature collapse, we include the auxiliary

dead-latent reconstruction loss of Gao et al. [11]. Across
all four encoders, our SAEs achieve low reconstruction er-
ror (in terms of MSE), 100% alive features, and low mean
pairwise dictionary-vector similarity, indicating a diverse,
non-redundant feature set.

Table 3 summarizes reconstruction quality and reports
FaceMINT [33] TopK SAE results under the same metrics,
included as the conceptually closest baseline to our Batch-
TopK configuration. Compared with FaceMINT, SCOUT
has lower reconstruction cosine similarity, which is ex-
pected given our substantially more compact SAE configu-
ration. In SCOUT, the SAE serves primarily as a sparse fea-
ture dictionary for concept discovery, rather than as a high-
fidelity reconstruction model. We therefore favor a com-
pact configuration that supports efficient large-scale concept



Input image α = 0.00 α = 0.10 α = 0.20 Input image α = 0.00 α = 0.20 α = 0.40

c = smiling

n = 4656

Sn(c) = 0.249

An(c) = 83.9%

∆c: 0.000 ∆c: 0.215 ∆c: 0.320
c = overweight

n = 4463

Sn(c) = 0.554

An(c) = 89.5%

∆c: 0.000 ∆c: 0.048 ∆c: 0.277

∆c: 0.000 ∆c: 0.726 ∆c: 0.943 ∆c: 0.000 ∆c: 0.307 ∆c: 0.436

Cosine similarity θc: 1.000 θc: 0.995 θc: 0.981 Cosine similarity θc: 1.000 θc: 0.980 θc: 0.928

Input image α = 0.00 α = 0.40 α = 0.60 Input image α = 0.00 α = 0.15 α = 0.30

c = gray beard

n = 3507

Sn(c) = 0.468

An(c) = 80.0%

∆c: 0.000 ∆c: 0.799 ∆c: 0.805
c = sunglasses

n = 8020

Sn(c) = 0.356

An(c) = 89.5%

∆c: 0.000 ∆c: 0.052 ∆c: 0.359

∆c: 0.000 ∆c: 0.665 ∆c: 0.682 ∆c: 0.000 ∆c: 0.248 ∆c: 0.273

Cosine similarity θc: 1.000 θc: 0.929 θc: 0.860 Cosine similarity θc: 1.000 θc: 0.989 θc: 0.957
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Figure 5. Cross-decoder validation in the shared ARC-iR100 space. Left: one intervened template per concept is decoded by DFD and
Arc2Face; ∆c is averaged across the disjoint evaluation-prompt subsets, while the shared template-level θc is shown once per intervention
strength. Metadata n, Sn(c), and An(c) are obtained in Stage 2. Right: attribute-gain curves over 100 random LFW templates. Thick
solid and dashed lines denote the DFD and Arc2Face means across evaluation-prompt subsets, respectively; thin matching boundaries and
shading denote the ±1 standard deviation across evaluation-prompt subsets.

search while still yielding stable, diverse feature directions.
Computational Complexity. All experiments were run on
a single NVIDIA RTX 3090. The one-time costs per FR
encoder are SAE training on Glint360K (≈ 20 min) and
DFD training (≈ 1 day). After the training, the full per-
concept SCOUT pipeline, from concept scoring through
intervention-based evaluation, completes in under five min-
utes per concept.

4.3. Evaluation Protocol

Primary Case Study. For the main end-to-end demonstra-
tion, the Stage-2 discovery bank for c = bald contains
positive prompts {“bald person”, “hairless head”, “visible
scalp”} and negative prompts {“thick hair”, “voluminous
hair”, “hair parting”}. The other discovery banks are spec-
ified analogously. Stage-4 semantic-gain curves follow the
disjoint evaluation-prompt protocol above and use the same
100 random LFW templates. Their lines and bands re-
port the mean and pointwise ±1 standard deviation across
evaluation-prompt subsets.
Fixed-FMR Identity Evaluation. We sweep every SAE di-
rection at the strong intervention strength α = 1, yielding
a conservative, worst-case estimate. For each LFW pair,
one template is manipulated while the other remains fixed.
For each FR model, we calibrate a verification threshold on
clean impostor pairs at FMR= 10−2, freeze it, and reuse it
after manipulation. We report clean FNMR and the mean,

95th-percentile, and worst perturbed FNMR across direc-
tions.

Comparison to Image-Space Editing Baselines. We com-
pare SCOUT to two image-space editing baselines, Style-
CLIP [29] and W+ Adapter [23]. Because both baselines
operate on inverted high-quality face images, we use 100
randomly sampled CelebA-HQ [17] images per attribute.
All curves include all four FR backbones. For all three
methods, we sweep the manipulation strength and compare
identity preservation at the same mean attribute gain. For
each image–backbone pair, we retain the increasing branch
of the gain–identity trace up to its individual maximum. At
each gain, we average template similarity over the traces
that attain it. Curves terminate when fewer than 10% of
the pooled traces support the gain. The endpoint therefore
represents the maximum population-supported gain. For
SCOUT, θc is measured directly between the original and
manipulated templates, while ∆c is computed from the cor-
responding decodings. For StyleCLIP and W+ Adapter,
both metrics are computed after image editing and re-
encoding.

Cross-Decoder Validation. To assess whether the recov-
ered directions remain semantically coherent across inver-
sion backends, we decode the same template-space inter-
ventions for four additional concepts with both DFD and
Arc2Face. These comparisons use only ARC-iR100, since
Arc2Face is conditioned on ArcFace embeddings.
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5. Results
Full Pipeline Demonstration. We first trace the queried
concept c = bald through the full SCOUT pipeline. Fig-
ure 3 reports the selected feature for each backbone together
with its index n, selectivity Sn(c), and concept agreement
An(c), revealing strong alignment with the query. Under
disjoint evaluation-prompt scoring, mean baldness gain in-
creases with α across all four FR backbones. At α = 0.4,
∆c ranges from 0.283 to 0.527. The bands quantify varia-
tion across evaluation-prompt subsets, while template simi-
larity remains largely preserved.
Open-Vocabulary Concept Discovery. Beyond the pri-
mary case study, SCOUT also recovers coherent concept-
linked sparse features for broader free-form queries. Fig-
ure 4 shows representative examples together with the cor-
responding feature index n, selectivity Sn(c), and concept
agreement An(c). The identity-deduplicated top activa-
tions remain semantically consistent within each recovered
feature, including concepts that would be difficult to cap-
ture with a small predefined face-attribute taxonomy. This
demonstrates the utility of open-vocabulary querying for
discovering semantically meaningful sparse features in set-
tings where no predefined attribute vocabulary is available.
Cross-Decoder Validation. Figure 5 shows that the DFD
and Arc2Face mean curves move in the same semantic
direction for all four concepts, although the gain magni-
tude varies between decoders. Variation across evaluation-
prompt subsets does not alter the overall population-level
trends, making a decoder-specific explanation less likely.
Fixed-FMR Identity Evaluation. Table 4 shows that, even
at α = 1, the most disruptive direction increases FNMR by
at most 0.50 percentage points, i.e., verification behavior at
the frozen operating point remains essentially unchanged.

Figure 6 extends the comparison to four concepts
and reports each method’s maximum population-supported
gain. SCOUT reaches strong gains while preserving
identity across all four concepts. For bald and smiling,

SCOUT attains (∆max, θ) of (0.92, 0.91) and (0.84, 0.86),
with markedly higher identity preservation than Style-
CLIP, (0.96, 0.49) and (0.92, 0.63), and W+ Adapter,
(0.88, 0.55) and (0.96, 0.47). For eyeglasses, SCOUT
reaches (0.93, 0.90), compared with StyleCLIP (0.93, 0.71)
and W+ Adapter (0.96, 0.66). For East Asian, image-
space methods attain higher maximum gain but with sub-
stantially lower identity preservation: StyleCLIP reaches
(0.71, 0.12) and W+ Adapter (0.69, 0.46), while SCOUT
reaches (0.53, 0.76). Thus, direct template-level interven-
tion offers a stronger fidelity–edit trade-off. This compar-
ison is conservative for StyleCLIP and W+ Adapter, since
their reference point already includes an intermediate inver-
sion step rather than the original source image.

6. Conclusion

We introduced SCOUT, a framework for discovering,
validating, and manipulating concept-linked sparse features
directly in face recognition template space from natural-
language queries. By combining sparse autoencoders with
open-vocabulary concept scoring, concept-agreement vali-
dation, inversion-based inspection, and feature-level inter-
vention, SCOUT exposes direct semantic controls without
relying on an image-space edit–re-encode pipeline. Across
diverse CNN- and transformer-based FR encoders, the re-
covered directions remain semantically coherent beyond
predefined attribute taxonomies, transfer across indepen-
dent inversion models, and preserve identity under inter-
vention, comparing favorably with image-space baselines.
FR templates thus admit direct, interpretable semantic con-
trol. Future work will investigate synthetic data genera-
tion from controlled template-space interventions, to pro-
duce attribute-targeted, identity-preserving variations.
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[21] J. Križaj, R. O. Plesh, M. Banavar, S. Schuckers, and
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